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(54) DEVICE AND METHOD FOR OPTIMIZED ANALYSIS OF MULTICOMPONENT MATERIAL 

(57)Abstract 

PROBLEM TO BE SOLVED: To enable an effective optimum 
material designing by generating a precise material model through a 
learning by a nonlinear predictive method and combining it with 
optimizing calculation. 

SOLUTION: An optimization item input device 1 determines a 
range of a blending parameters of constituent components as a 
physical quantity and restriction conditions as a target function of 
a material design of a multicomponent material, an experimental 
data input device 2 inputs a blending parameter and a restriction 
condition, and an experimental data on its physical quantity, and a 
material model calculation device 3 calculates a material model 
relating a blending parameter, a restriction condition, and physical 
quantity of the multicomponent material by the nonlinear predictive 
method; and an optimizing calculation device 4 calculates a 
blending parameter of the constituent components of the 
multicomponent material matching a purpose by using the 
optimizing method based on a material model of the calculation 
result and inputted items and an optimization result output device 
5 outputs an optimum blending parameter of the calculation result 
as a material optimized design plan. 
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(54) [Title of the Invention] Apparatus and Method for the Optimization Analysis of 
Multi-Component Materials 

(57) [Abstract] 

[Problem] 

To create models of materials with good precision by means of learning based on 
nonlinear predictive techniques, and thus permit the design of effective optimal materials in 
combination with optimization calculations. 

[Means of Solving] 

An optimization item input device 1 determines a physical quantity serving as the 
object function for the material design of a multi-component material and a composition 
parameter range for the constituent components serving as constraint conditions. An 
experimental data input device 2 accepts input of composition parameters, constraint 
conditions and the physical quantities thereof. A material model calculation device 3 uses 
nonlinear predictive techniques to calculate a material model that associates the composition 
parameters and constraint conditions of the constituent components of the multi-component 
material and the physical quantities thereof. An optimization calculation device 4 uses the 
material model from the results of calculation and optimization techniques based on the input 
items to calculate composition parameters for the constituent components of the multi- 
component material that are suited to the object. An optimization results output device 5 
provides output of the results of calculation in the form of a proposed material optimization 
design for the optimal composition parameters. 
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[Claims] 

1 . A multi-component material optimization analysis apparatus characterized in 
comprising: 

an optimization item input means that determines a physical quantity serving as the 
object function for the material design and a composition parameter range for the constituent 
components serving as constraint conditions, 

a material model calculation means that uses nonlinear predictive techniques to 
calculate a material model that associates the composition parameters and constraint 
conditions of the constituent components of the multi-component material and the physical 
quantities thereof, and 

an optimization calculation means that uses the material model from the results of 
calculation by this material model calculation means and optimization techniques based on 
the items input by said optimization item input means to calculate composition parameters for 
the constituent components of the multi-component material that are suited to the object. 

2. A multi-component material optimization analysis method characterized in 
comprising the steps of: 

an optimization item input step of determining a physical quantity serving as the 
object function for the material design and a composition parameter range for the constituent 
components serving as constraint conditions, 

a material model calculation step of using nonlinear predictive techniques to calculate 
a material model that associates the composition parameters and constraint conditions of the 
constituent components of the multi-component material and the physical quantities thereof, 
and 

an optimization calculation step of using the material model from the results of 
calculation in this material model calculation step and optimization techniques based on the 
items input in said optimization item input step to calculate composition parameters for the 
constituent components of the multi-component material that are suited to the object. 

[Detailed Description of the Invention] 

[0001] 

[Technical Field of the Invention] 

The present invention is related to an apparatus and method for the optimization 
analysis of multi-component materials, and particularly to an apparatus and method for the 
optimization analysis of multi-component materials that can be utilized in the design of 
materials consisting of multiple components (hereinafter referred to as the multitcomponent 
materials), e.g. the design of the composition of rubber for use in tires. 

[0002] 

[Prior Art) 

Material design is the process of finding the composition ratios (composition 
parameters) of constituent components and constraint conditions (cost, manufacturing 
conditions, etc.) in order to obtain the physical quantity for the material (physical property 
values, characteristic values) that is the object. In the past, the composition parameters and 
constraint conditions have often been found by experience and trial-and-error, and this work 
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becomes extremely difficult particularly when the number of constituent components is three 
or greater. 

[0003] 

In an improved method of this conventional material design, when the material 
characteristics are specified using a hierarchical neural network, a material design system has 
been proposed such that the composition parameters of constituent components of a multi- 
component material are found automatically (Mitsuya Oda, Hiroyasu Okada: "Material 
Design Method for Multi-Component Materials using a Neural Network" [Nyuraru 
Nettowaku wo Mochiita Taseibunkei Zairyo no Zairyo Sekkei Ho], Japan Society of 
Mechanical Engineers [No. 940-25], Proceedings of the First Optimization Symposium [July 
8-9, 1994, Tokyo], pp. 57-62). 

[0004] 

In addition, there was an example wherein polynomials are assumed to create a 
material model that associates the composition parameters of the constituent components of a 
multi-component material and the constraint conditions to the physical quantities, and then 
the material model calculations that determine the coefficients thereof by the least-squares 
method are combined with optimization (Manabu Iwasaki, Planning an d Analysis of Mixing 
Experiments [Kongo Jikken no Keikaku to Kaiseki], pp. 105-1 17, Scientist Inc., 1994). 

[0005] 

[Problem that the Invention is Intended to Solve] 

The conventional material design system for multi-component materials using a 
neural network described above has problems in that if materials characteristics that are 
slightly different from those of materials that actually exist are input, then negative 
composition parameters may be output, thus making it difficult to implement in practice. 

[0006] 

In addition, when using a material model calculation that assumes polynomials, a 
certain amount of arbitrariness enters when assuming polynomials, and it is difficult to 
determine how the polynomials are to be assumed when the material consists of three or more 
constituent elements, among other problems, so the material was not modeled to high 
precision. For this reason, the proposed material design found based on that material model 
also does not become a valid one. 

[0007] 

An object of the present invention is to provide an apparatus for the optimization 
analysis of multi-component materials that creates models of materials with good precision 
by means of learning based on nonlinear predictive techniques, and thus permit the design of 
effective optimal materials in combination with optimization calculations. 

[0008] 

Another object of the present invention is to provide a method for the optimization 
analysis of multi-component materials by creating models of materials with good precision 
by means of learning based on nonlinear predictive techniques, and thus permitting the design 
of effective optimal materials in combination with optimization calculations. 

[0009] 

[Means of Solving the Problems] 
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The multi-component material optimization analysis apparatus according to the 
present invention is characterized in comprising: an optimization item input means that 
determines a physical quantity serving as the object function for the material design and a 
composition parameter range for the constituent components serving as constraint conditions, 
a material model calculation means that uses nonlinear predictive techniques to calculate a 
material model that associates the composition parameters and constraint conditions of the 
constituent components of the multi-component material and the physical quantities thereof, 
and an optimization calculation means that uses the material model from the results of 
calculation by this material model calculation means and optimization techniques based on 
the items input by said optimization item input means to calculate composition parameters for 
the constituent components of the multi-component material that are suited to the object. 

[0010] 

The multi-component material optimization analysis method according to the present 
invention is characterized in comprising the steps of: an optimization item input step of 
determining a physical quantity serving as the object function for the material design and a 
composition parameter range for the constituent components serving as constraint conditions, 
a material model calculation step of using nonlinear predictive techniques to calculate a 
material model that associates the composition parameters and constraint conditions of the 
constituent components of the multi-component material and the physical quantities thereof, 
and an optimization calculation step of using the material model from the results of 
calculation in this material model calculation step and optimization techniques based on the 
items input in said optimization item input step to calculate composition parameters for the 
constituent components of the multi-component material that are suited to the object. 

[0011] 

Here follows a detailed description of the present invention made with reference to 
the drawings. 

[0012] 

FIG. 1 is a block diagram that shows the constitution of one embodiment of the multi- 
component material optimization analysis apparatus according to the present invention. The 
multi-component material optimization analysis apparatus according to this embodiment 
consists of: an optimization item input device 1, experimental data input device 2, material 
model calculation device 3, optimization calculation device 4 and an optimization results - 
output device 5 as its principal components. 

[0013] 

The optimization item input device 1 accepts input of: (1) a physical quantity to be 
maximized or minimized (this is referred to as the object function OBJ), (2) a physical 
quantity that provides constraint at the time of maximizing or minimizing, composition 
parameters JO (where /= 1 to N) for the constituent components of the multi-component 
material and manufacturing conditions (hereinafter these are referred to as the constraint 
condition G), (3) ranges of values that the composition parameters X t (/= 1 to AO and the 
constraint condition G may take, and (4) the selection of the technique with regard to 
optimization and the parameters at that time, etc. If the multi-component material is rubber, 
for example, then the physical quantity may be the hardness, tensile strength, elongation, 
compression permanent set, rate of change of tensile strength, rate of change of elongation, 
[rate of] change of hardness, rate of change of volume, cost and the like, the constituent 
components may be natural rubber, synthetic rubber, carbon black, a vulcanizing agent, 
vulcanization accelerator, antioxidant, cost [sic] and the like, for example. 
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[0014] 

As experimental data, the experimental data input device 2 accepts input of the 
composition parameters X t (/= 1 to N) for the constituent components of the multi-component 
material and the constraint condition G and physical quantities thereof. 

[0015] 

The material model calculation device 3 calculates a material model that associates 
the composition parameters X t (i = 1 to AO for the constituent components of the multi- 
component material and the constraint condition G and physical quantities thereof by means 
of a neural network which is one nonlinear prediction technique. 

[0016] 

FIG. 2 is a schematic diagram of one example of a material model calculation device 
3. This material model calculation device 3 is structured as a three-layer network consisting 
of an input layer, intermediate layer and output layer, set so that the inputs 7, (/= 1 to N) 
become the composition parameters X { (/= 1 to N) and the outputs Ok become the physical 
quantities. For example, in the case that the multi-component material is rubber, the input 
layer may consist of roughly 10 PEs (Processing Elements), the intermediate layer may 
consist of roughly 30 PEs and the output layer may consist of roughly 10 PEs. Note that the 
relationships illustrated in Equation (1) hold true between the inputs J; and the outputs 0*. 

[0017] 

H J={W (1) 

S k =tv,H j+ y k 

o k =f(s k ) 

[0018] 

Here, Wp is the coupling coefficient between the input layer and intermediate layer, 
Vkj is the coupling coefficient between the intermediate layer and output layer, ^ 
J(x)= {l+tanh(jc/// 0 )} (where // 0 is a constant), 0j is an offset in the intermediate layer, y* is an 
offset in the output layer, N is the number of PEs in the input layer (equal to the number of 
composition parameters) and m is the number of PEs in the intermediate layer. 

[0019] 

The optimization calculation device 4 calculates the composition parameters^ (/= 1 
to AO (hereinafter referred to as the optimal composition parameters Xi (/ = 1 to AO) that 
optimize the object function OBJ input by the optimization item input device 1. Here, 
mathematical programming, genetic algorithms or other optimization techniques are used. 

[0020] 

As a result of the optimization calculation, the optimization results output device 5 
provides output of the optimal composition parameters Xj 0PT (/= 1 to AO and constraint 
conditions G 0PT so as to satisfy the items input by the optimization item input device 1. 

[0021] 
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In reference to FIG. 3, the procedure of the method for the optimization analysis of 
multi-component materials according to an embodiment of the present invention comprises 
the following steps: a step of setting the composition parameters, object function and 
maximum number of experiment runs 101, a step of setting the composition parameter range 
102, a step of initializing counters 103, a step of determining the usability of past 
experimental data 104, an experiment planning step 105, a physical quantity experiment step 
106, a neural network learning step 107, an optimization calculation step 108, an experiment 
run counter incrementing step 109, a step of determining whether or not the maximum 
number of experiment runs has been reached 1 10, a loop counter incrementing step 1 1 1, a 
step of resetting the composition parameter range 1 1 2, an optimal composition parameter 
output step 1 13, a step of determining the presence of the same composition 1 14, a physical 
quantity experiment and database registration step 1 15, a step of reading past composition 
parameters and physical quantities 1 16, a neural network learning step 117 and a step of 
setting the total number of experiment runs to 0 1 1 8. 

[0022] 

In reference to FIG. 4, the processing performed by the material model calculation 
device 3 includes: a step of reading learning data and test data 201, a coupling coefficient and 
offset initialization step 202, a step of providing input of learning data to the neural network 
203, a step of calculating the error between the intermediate layer and output layer 204, a 
coupling coefficient and offset update step 205, a step of testing the results of learning with 
test data 206 and a step of determining convergence and determining the number of iterations 
207. 

[0023] 

In reference to FIG. 5, the processing performed by the optimization calculation 
device 4 includes: a step of setting initial values for the composition parameters 301, a step of 
calculating the initial values of the object function and constraint conditions 302, a step of 
initializing the composition parameter counter 303, a step of varying the composition 
parameters 304, a step of calculating the object function and constraint conditions 305, a 
sensitivity calculation step 306, a step of incrementing the composition parameter counter 
307, a step of determining the end of all composition parameters 308, a step of predicting the 
amount of change in the composition parameters 309, a step of updating the composition 
parameters and calculating the object function 3 10, a step of determining convergence of the 
object function 3 1 1 and a step of determining the optimal composition parameters 312. 

[0024] 

Here follows a description of the operation of an apparatus for the optimization 
analysis of multi-component materials according to the embodiment of the present invention 
thus constituted. 

[0025] 

First, the designer uses the optimization item input device 1 to set which of the 
composition parameters^ (/= 1 to AO for the constituent components of the multi-component 
material are to be changed, which physical property is to be set as the object function OBJ, 
and how many experiment runs are to be used (the maximum number of experiment runs 
Mmax) in order to determine the optimal composition parameters X° PT (z = 1 to AO (Step 101). 
The maximum number of experiment runs M max is a constant determined in light of the costs 
of experiments, time required to find the optimal composition and other factors. 

[0026] 
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Next, the designer uses the optimization item input device 1 to set the range of values 
Xt <Xt< Xi U (i = 1 to N) that the composition parameters X t (i = 1 to AO set in Step 1 0 1 may 
assume (Step 102). Note that if necessary, the range of values that physical quantities other 
than the physical quantity set as the object function OBJ may assume may also be set 
arbitrarily. 

[0027] 

Then, the designer initializes the experiment run counter Mto 0 and initializes the 
loop counter h to 1 (Step 103) and then refers to databases (not shown) to determine whether 
or not past experimental data can be utilized for the composition parameters X t (/= 1 to N) 
and object function OBJ set in Step 101 (Step 104). 

[0028] 

In the case that past experimental data cannot be utilized, the designer moves control 
to Step 105, but if past experimental data can be utilized, control moves to Step 116. 

[0029] 

In Step 105, the designer uses the experimental data input device 2 to design an 
experiment plan, namely how the composition parameters^ (/ = 1 to AO are to be varied 
while conducting the experiments. At this time, an orthogonal array or optimal experiment 
plan is used to determine the composition parameters X t (/= 1 to AO for the constituent 
components used in the experiment (see Box and Draper: Empirical M odel Building and 
Response Surfaces, pp. 105-127 and pp. 477-501, John Wiley & Sons, 1987). 

[0030] 

Next, the designer uses the experimental data input device 2 to blend the various 
constituent components of the multi-component material in accordance with the experiment 
plan determined in Step 106, and then perform experiments to measure the physical quantities 
of the multi-component material thus obtained (Step 106). At this time, the total number of 
experiment runs is set to be m. For example, in the case of an L27 orthogonal array, then the 
number of experiment runs must be «/,=27, but in the case of an optimal experiment plan, 
then rih may be selected arbitrarily. 

[0031] 

Then, the designer uses the material model calculation device 3 to allow the neural 
network to learn the composition parameters Xi (/= 1 to AO for the constituent components of 
the multi-component material as the input layer, and the physical quantities of the multi- 
component material as the output layer (Step 107). 

[0032] 

In more detail, the material model calculation device 3 reads in several hundred or 
several thousand records of learning data and test data consisting of the types of constituent 
components in the multi-component material, composition parameters X, (/ = 1 to AO for each 
constituent component and the physical quantities (experimental values) (Step 201). In 
addition, the material model calculation device 3 initializes the coupling coefficients Wp and 
Vkj and the offsets Oj and y k of the neural network (Step 202). 

[0033] 

Next, the material model calculation device 3 provides input of the composition 
parameters Xj (/= 1 to AO of one record of learning data to the neural network (Step 203), 
calculates the errors in the intermediate layer and output layer of the neural network in 
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reference to the physical quantities in this learning data (Step 204), and updates the coupling 
coefficients W yi and and the offsets 6j and of the neural network so that outputs Ok 
closer to the physical quantities in the learning data are obtained (Step 205). 

[0034] 

Then, the material model calculation device 3 provides input of the composition 
parameters^ (/= 1 to AO from test data to the neural network and conducts a test of the 
results of learning (Step 206). 

[0035] 

Next, the material model calculation device 3 performs a convergence determination 
as to whether or not the outputs Ok of the neural network give physical quantities closer to the 
physical quantities of the test data and also performs a determination on the number of 
iterations (Step 207). If convergence has not been reached and the number of iterations has 
not been reached, then control returns to Step 203; if convergence has been reached or the 
number of iterations has been reached, then processing ends. 

[0036] 

When the neural network has finished learning, the designer uses the optimization 
calculation device 4 to perform a calculation of the optimal composition parameters Xj 0PT (i= 
1 to AO which optimize the object function OBJ (Step 108). 

[0037] 

In more detail, the optimization calculation device 4 sets the initial values of the 
composition parameters^ (/= 1 to AO (Step 301). 

[0038] 

Then, the optimization calculation device 4 takes the composition parameters^ (/= 1 
to AO set as initial values in Step 301 as input and executes a recollection by means of the 
material model calculated by the neural network, predicts the physical quantities 
corresponding to the composition parameters^ (/= 1 to AO and uses these results to calculate 
the initial values of the object function OBJ and the constraint condition G (Step 302). 

[0039] 

Next, the optimization calculation device 4 initializes the composition parameter 
counter i to 1 (Step 303) and varies each of the composition parameters^ set in Step 301 by 
the increment AXi (Step 304). 

[0040] 

Then, the optimization calculation device 4 executes a recollection based on the 
material model calculated by the neural network to calculate the object function OBJ and 
constraint condition G after varying the composition parameters X t by AX, (Step 305). 

[0041] 

Next, the optimization calculation device 4 executes a recollection based on the 
material model calculated by the neural network to calculate, for each of the composition 
parameters^, the sensitivity dOBJ/dX, of the object function OBJ, which is the ratio of the 
change in the object function OBJ to the unit change in the composition parameter Xi and the 
sensitivity dGldXt of the constraint condition G, which is the ratio of the change in the 
constraint condition G to the unit change in the composition parameter^ based on Equation 
(2) and Equation (3) below (Step 306). 
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[0042] 

xr=x!-+ x [: x ' *j {j^toM mi ) 

Knit 

[0043] 

dOBJ _ OBJj - OBJ 0 = OBJ{X t + AX.) - OBJjXj) 
dX, AX< ~ (X f + AAT / )-(^) 

[0044] 

These sensitivities dOBJIdXi and dG/dXj can be used to predict the degree of change 
in the object function OBJ when the composition parameter^ is varied by AXi. 

[0045] 

Next, the optimization calculation device 4 increments the composition parameter 
counter i by 1 (Step 307) and then makes a determination of whether or not the calculation of 
all of the composition parameters X, (/= 1 to AO is complete (Step 308), and if the calculation 
of all of the composition parameters X t (i = 1 to AO is not complete, then Steps 304 through 
308 are repeated. 

[0046] 

When the calculation of all composition parameters X t (/=, 1 to AO is complete, the 
optimization calculation device 4 uses the sensitivity dOBJ/dXj (/ = 1 to AO and sensitivity 
dGldXt (/= 1 to AO found by executing the recollection based on the material model calculated 
by the neural network to predict, by mathematical programming or another optimization 
technique, the changes in the composition parameters X t (/ = 1 to AO that minimize the object 
function OBJ while satisfying the constraint condition G (Step 309). 

[0047] 

Next, the optimization calculation device 4 uses the predicted changes in the 
composition parameters X t (i= 1 to AO to update the composition parameters^ (/= 1 to AO 
and also use the updated composition parameters X t (/= 1 to AO as input to execute a 
recollection by means of the material model calculated by the neural network and thus 
calculate the object function OBJ (Step 310). 

[0048] 

Then, the optimization calculation device 4 compares the difference between the 
object function OBJ calculated in Step 3 10 and the object function OBJ calculated in Step 

302 against a threshold value input in advance, and thus determines whether or not the object 
function OBJ has converged (Step 3 1 1). If the object function OBJ has not converged, Steps 

303 through 31 1 are repeated taking the composition parameters^ (/= 1 to AO modified by 
the changes predicted in Step 309 as the new initial values. 

[0049] 

If the object function OBJ is determined to have converged in Step 31 1, the 
optimization calculation device 4 starts from the composition parameters^ set as initial 
values in Step 302 to determine the optimal composition parameters X, 0PT (/= 1 to AO that 
optimize the object function OBJ while satisfying the constraint condition G (Step 312). Note 
that the optimal composition parameters X? (/= 1 to AO are to be found in consideration of 
the following two points: (1) the object function OBJ is to have a small value (they are to be 
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set so that it is best for the physical quantity selected for the object function OBJ to be small; 
if it is best to be large, then handle this by adding a minus sign), and (2) the object function 
OBJ and constraint condition G are not to change much even if the composition parameters X t 
are moved slightly within the range of compositions thus found. 

[0050] 

Once the optimization calculations performed by the optimization calculation device 4 
are complete, the designer adds the total number of experiment runs n h performed in Step 106 
to the experiment run counter M (Step 109) and then determines whether or not the value of 
the experiment run counter Mis smaller than the maximum number of experiment runs M max 
set in Step 101 (Step 110). If the value of the experiment run counter Mis smaller than the 
maximum number of experiment runs M max , then the designer increments the loop counter h 
by 1 (Step 111) and uses the optimization item input device 1 to reset the range of values 
Xt<Xj<Xi U (/= 1 to AO that the composition parameters X, (/= 1 to AO may assume (Step 
1 12), and returns control to Step 105. If it is possible to increase the number of points of 
experimental data, then the designer may redo the experimental plan for a retest in a domain 
with a narrowed range of values Xt <X l <Xj U that the composition parameters^ (/= 1 to TV) 
may assume within the range of optimal composition parameters X° PT (/= 1 to AO found in 
Step 108 (Step 106), ultimately improving the precision of the optimal composition 
parameters X? PT (/ = 1 to AO thus determined. 

[0051] 

On the other hand, if the value of the experiment run counter Mis greater than the 
maximum number of experiment runs M maXy then the designer uses the optimization results 
output device 5 to provide output of the optimal composition parameters X? PT (/= 1 to AO last 
obtained (Step 113). 

[0052] 

Next, the designer uses the optimization results output device 5 to consult a database 
and determine whether or not the past experimental data contains the same composition 
parameters X t (/= 1 to AO (Step 1 14), and if so ends processing immediately, but if not, blends 
the various constituent components so as to match the optimal composition parameters X° PT 
(/= 1 to AO, and then performs experiments to measure the physical quantities of the multi- 
component material thus obtained and registers the experimental data in the database (Step 
115). - 

[0053] 

On the other hand, if past experimental data can be utilized in Step 104, the designer 
uses the experimental data input device 2 to read in the experimental data for the past 
composition parameters^ (/= 1 to AO and physical quantities related to the composition 
parameters^ (/= 1 to AO and object function OBJ set in Step 101 (Step 116). 

[0054] 

Next, in the same manner as in Step SI 07, the designer uses the material model 
calculation device 3 to allow the neural network to learn the composition parameters Xj (/= 1 
to AO for the constituent components of the multi-component material as the input layer, and 
the physical quantities of the multi-component material as the output layer (Step 117). 

[0055] 

When the neural network has finished learning, the designer sets the total number of 
experiment runs n h to 0 (Step 1 1 8) and then moves control to Step 1 08. 



11 



JP-A-H 10-55348 



[0056] 

Thereafter, the same processing as in the case in which past experimental data cannot 
be utilized in Step 104 is performed. 

[0057] 

Note that in the aforementioned embodiment, the material model was prepared using 
a neural network as the nonlinear predictive technique, but fuzzy or other nonlinear predictive 
techniques may also be used. 

[0058] 

In addition, in the aforementioned embodiment, the optimal composition of the multi- 
component material is generated directly, but it is also possible to obtain the grain size, grain 
size ratio or other even more abstract information regarding the constituent components of 
the multi-component material. 

[0059] 

[Meritorious Effects of the Invention] 

As described above, with the multi-component material optimization analysis 
apparatus according to the present invention, a combination of: a material model calculation 
means based on nonlinear predictive techniques that is able to find interrelationships between 
composition parameters for three or more constituent components and a constraint condition 
and the physical quantities of the multi-component material, without making assumptions 
about the function type; and an optimization calculation means that uses optimization 
techniques based on the material model calculated by the material model calculation means to 
calculate the composition parameters for the constituent components of the multi-component 
material that are suited to the object is used to provide output of a proposed material 
optimization design. Thus, it has meritorious effects in that the relationships among 
composition parameters for three or more constituent components and a constraint condition 
and the physical quantities of the multi-component material can be easily found, and also the 
precision of the material model is good and it is possible to provide output of proposed 
material optimization designs that are valid. 

[0060] 

In addition, with the multi-component material optimization analysis method 
according to the present invention, a combination of: a material model calculation step based 
on nonlinear predictive techniques that is able to find interrelationships between composition 
parameters for three or more constituent components and a constraint condition and the 
physical quantities of the multi-component material, without making assumptions about the 
function type; and an optimization calculation step that uses optimization techniques based on 
the material model calculated by the material model calculation step to calculate the 
composition parameters for the constituent components of the multi-component material that 
are suited to the object is used to provide output of a proposed material optimization design. 
Thus, it has meritorious effects in that the relationships among composition parameters for 
three or more constituent components and a constraint condition and the physical quantities 
of the multi-component material can be easily found, and also the precision of the material 
model is good and it is possible to provide output of proposed material optimization designs 
that are valid. 

[Brief Explanation of the Drawings] 
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[FIG. 1 ] This is a block diagram that shows the constitution of one embodiment of 
the multi-component material optimization analysis apparatus according to the present 
invention. 

[FIG. 2] This is a schematic diagram used to describe the material model 
calculation device in FIG. 1. 

[FIG. 3] This is a flowchart showing the procedure of the method for the 
optimization analysis of multi-component materials according to an embodiment of the 
present invention. 

[FIG. 4] This is a flowchart illustrating the processing performed by the material 
model calculation device in FIG. 1 . 

[FIG. 5] This is a flowchart illustrating the processing performed by the 
optimization calculation device in FIG. 1. 

[Explanation of Symbols] 

1 Optimization item input device 

2 Experimental data input device 

3 Material model calculation device 

4 Optimization calculation device 

5 Optimization results output device 

101 Step of setting the composition parameters, object function and maximum number of 
experiment runs 

1 02 Step of setting the composition parameter range 

103 Step of in itial izing counters 

1 04 Step of determining the usability of past experimental data 

1 05 Experiment planning step 

1 06 Physical quantity experiment step 

107 Neural network learning step 

108 Optimization calculation step 

1 09 Experiment run counter incrementing step 

1 1 0 Step of determining whether or not the maximum number of experiment runs has 
been reached 

1 1 1 Loop counter incrementing step 

112 Step of resetting the composition parameter range 

1 1 3 Optimal composition parameter output step 

1 14 Step of determining the presence of the same composition 

1 1 5 Physical quantity experiment and database registration step 

116 Step of reading past composition parameters and physical quantities 

1 1 7 Neural network learning step 

1 1 8 Step of setting the total number of experiment runs to 0 
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